An adaptive computer-based spatial-filtering velocimeter to measure the surface velocity of a natural debris flow with high accuracy is described that can adjust the filter parameters, specifically, the slit width of the filter, based on the surface-pattern characteristics of the flow. A computer simulation confirms the effectiveness of this technique. The surface velocity of a natural debris flow at the Mt. Yakedake Volcano, Japan, was estimated by this adaptive method, and the results were compared with those obtained by two other methods: hardware-based spatial filtering and normal computer-based spatial filtering.
Introduction
The surface velocity of a debris flow is one of the important physical parameters that are considered for developing effective disaster-prevention techniques such as a sediment control dam or a hazard map. Spatial-filtering velocimetry, whose principle is based on image-velocity sensing, finds application in the surface-velocity estimation of such a flow. Previously Uddin et al. developed a computer-based spatial-filtering velocimeter 1 in the processing software that can determine the surface velocity from video images of the flow and obtained better results as compared with the hardware-based method. 2, 3 The advantages of such a computer-based system are obvious, because of its repeatability and analytical flexibility.
Image-velocity sensing 4 -6 utilizes the fact that the optical image of a flow surface focused on the image plane sweeps over the spatial filter as the flow moves in a particular direction, and then a photodetector behind the spatial filter generates a narrow-band electrical signal that corresponds to the periodic change of light intensity transmitted through the spatial filter. The central frequency of the photodetector's output signal is therefore proportional to the surface velocity of the flow, whose component is perpendicular to the spatial filter's major axis. A parallel-slit reticle with opaque and transparent bars, 1-4 a liquid-crystal cell array, 7 and an optical fiber array 8 have each been used as the spatial filter. A hardware-based spatial-filtering velocimeter based on this principle was developed and applied to the measurement of the surface velocity of a debris flow that occurred at the Mt. Yakedake Volcano, Nagano Prefecture, Japan. 2, 3 However, it is difficult to change the controllable parameters of this hardware-based spatial filter for accurate measurements. Though it is possible to change the filter parameters in the computer-based spatial filtering, in fact, determination of the optimum parameters of the spatial filter is certainly a difficult problem for natural debris flow where the true velocity is unknown and where the surface pattern is random and temporally changing. For better accuracy it is desirable to adjust the filter parameters in response to the stochastic features of the flow surface. In addition to spatial filtering, there are some other methods, such as cross correlation of two successive image frames 9 and the spatiotemporal image derivative method. 10 In this paper we concentrated on an adaptive approach of the computer-based spatial-filtering technique that can adjust the filter parameters, specifically, the slit width of the filter, based on the surface-pattern characteristics of the flow. To investigate the effectiveness of this technique, a computer simulation with artificial random moving images is performed. Below we compare the estimated velocity obtained by the adaptive method with that obtained by the hardware-based spatial filtering method and by the normal computer-based method.
Sensor System
A. Principle Figure 1 shows the basic construction of a hardwarebased spatial-filtering velocimetry system. [1] [2] [3] In this case the spatial filter is formed by a tripolar parallel-slit reticle, as shown in Fig. 2 . Let r͑x, y͒ be the weighting function of this spatial filter. When the optical image of the flow's surface pattern, which has the radiance distribution function i͑x, y͒, sweeps over the reticle at an image velocity ⍀ ͑in the x-axis direction͒, the time-varying output signal obtained from the photodetector is then given by the convolution integral as
where C is a constant, ⍀ ϭ V͞H, V is the surface velocity of the flow, and H is the distance between the flow surface and the sensor. The transmission profile of the parallel-slit reticle for one period is given by
Equation ͑1͒ can be simplified under an assumption of the sequential flow surface pattern with quasi-steady and deterministic character as follows 1 :
where I͑u, v͒ is the Fourier transform of the real function i͑ x, y͒; u 0 ϭ 2͞a is the fundamental angular spatial frequency of the reticle; and A, a, and N are the filter width, the slit width, and the number of periodic slits, respectively. From Eq. ͑3͒ the central frequency of the output signal is
which is proportional to the image velocity. Thus, with ⍀ ϭ V͞H, Eq. ͑4͒ becomes
Hence, by estimating the central frequency f 0 , we can calculate the surface velocity V from Eq. ͑5͒ if we know the distance H.
The maximum-entropy method ͑MEM͒ 11,12 shows high accuracy for extracting the central frequency from such noisy output signals. 13, 14 In the computer-based system the convolution integral of Eq. ͑1͒ can be realized by computer software. The video image of the flow surface is digitized and stored in memory for every frame. A software kernel that models the tripolar parallel-slit reticle is then convolved with the digitized image. 15 The resultant time-sequential output signal from the convolution integral is then processed by the MEM to extract the central frequency.
B. Adaptive Computer-Based Method
Spatial-filtering theory indicates 4 -6 that the slit width should be chosen to obtain a high level of out- put signal at the fundamental spatial frequency of the filter from the debris flow's surface brightness distribution, which is related to the average size of the surface pattern. Figure 3 shows two pairs of three successive frames of the digitized image of debris flow that occurred on 14 July 1993 at the Mt. Yakedake Volcano, Japan: ͑a͒-͑c͒ at 16:21:18 and ͑d͒-͑f ͒ at 16:22:00 ͑Japan Standard Time͒. For imaging purposes of the flow a commercial video recorder with a frame frequency of 30 Hz was used. The frame size of the images is 640 ͑width͒ ϫ 480 ͑height͒ pixels. From these two pairs of successive frames of the debris flow we can see how the images shift to the right-hand side with little variation of surface pattern. The size of the surface pattern of Figs. 3͑a͒-3͑c͒ is larger than that of Figs. 3͑d͒-3͑f ͒. On the basis of the above theory it is better to adjust the slit width matched with the pattern size of the flow surface.
To achieve this, we implemented an adaptive spatial-filtering system that can adjust the slit width of the filter on the basis of the surface-pattern characteristics of the flow surface. Figure 4 presents an algorithm of the adaptive computer-based spatialfiltering method. The correlation length of each image frame calculated from the following normalized autocorrelation function of the image intensity distribution function is taken as the statistics of the pattern size of the respective frame:
From the plot of R͑k͒ as a function of k, the value of k when the normalized R͑k͒ falls to ͑1͞e͒ ͑ϭ 0.367͒, is treated as the correlation length.
Simulation Results
Two categories of random moving images, 16 one with a spatial correlation coefficient K a ϭ 0.3 and the other with K a ϭ 0.5, are generated by computer software that is based on the prediction theory of a homogeneous random field. Both categories have the temporal correlation coefficient K b ϭ 0.03 and the moving velocity 1 pixel͞frame ͑in the x-axis direction͒. The generation algorithm of these artificial random images is given in Appendix A. It is reported that these random moving images are well suited for a model of debris flow. 13,14 Figure 5 shows two sample frames of the generated random images: ͑a͒ for K a ϭ 0.3 and K b ϭ 0.03 and ͑b͒ for K a ϭ 0.5 and K b ϭ 0.03. From these two frames the pattern size of Fig.  5͑a͒ is larger than that of Fig. 5͑b͒ . The frame size of the images is 256 ͑width͒ ϫ 64 ͑height͒ pixels. The velocity of 1890 frames of the simulated random images was estimated by the normal computerbased spatial-filtering method for different slit widths with a filter height of 30 pixels and with N ϭ 5. We estimated the MEM spectrum from the output signals of every 45-frame block. Then we determined the central frequency by choosing the maximum amplitude from the estimated spectrum. The estimation of the MEM spectrum becomes more accurate if the data length increases. But an increase in the data length causes a decrease in the time resolution in the case of measuring flow velocity with temporal variation. As for the imaging purpose of the natural debris flow, a video recorder with a frame frequency of 30 Hz was used; so to compromise the above constraints, we chose the 45-frame block that is equivalent to 1.5 s. Table 1 shows the error in percentage of the estimated average image velocity.
For adaptive filtering we estimated the average correlation lengths L of every 45-frame block of the random images by using Eq. ͑6͒ directly with a correlation rectangle of 120 ϫ 30 pixels. Figure 6 shows an example of the correlation graph for a frame of the random image, and Fig. 7 presents the estimated average correlation lengths. Based on the above velocity estimation results of the random images by the normal computer-based spatial-filtering method, we chose the filter width A to be approximately equal to 120 pixels. The construction of the tripolar parallel-slit reticle type of spatial filter ͑Fig. 2͒ is not effective when the slit width is less than 6 pixels. Therefore, if L Ͻ 6 pixels, then the slit width a was taken equal to 6 pixels; if L Ͼ A͞N min , then a was taken equal to A͞N min pixels ͑where N min is the minimum number of slits and was taken equal to 5͒; and in the intermediate region a was taken equal to L. In this way, determining the filter parameters from the correlation lengths, we applied the spatialfiltering technique to estimate the image velocity. Similarly, we also estimated the image velocity, determining the filter parameters from 2 and 3 times of the above correlation lengths. Table 2 compares the percentage error of the estimated average image velocity for the three cases. From this table, among different cases, the case in which the slit width is chosen equal to the correlation length gives the minimum error, and the velocity estimation error is found within 0.3%. From Table 1 we find that normal computer-based spatial filtering with the same slit width for the two different categories of random images does not produce good results simultaneously. The errors of the average velocity for normal computer-based filtering with a ϭ 18 pixels are 0.45% and 0.25% for the images with K a ϭ 0.3 and K a ϭ 0.5, respectively; and the errors with a ϭ 24 pixels are 0.24% and 1.45% for the images with K a ϭ 0.3 and K a ϭ 0.5, respectively. However, from Table 2 , adaptive spatial filtering with the slit width equal to the correlation length of the surface pattern shows high performance: The errors of the average velocity are 0.26% and 0.01% for the images with K a ϭ 0.3 and K a ϭ 0.5, respectively. Therefore the adaptive technique provides an effective way to determine the optimum parameters of the spatial filter for more accurate estimation of the moving velocity. 
Velocity Estimation Results of Debris Flow
The video images of a debris flow that occurred on 14 July 1993 at the Mt. Yakedake Volcano, Japan, were used for surface-velocity estimation by an adaptive computer-based spatial-filtering method. The velocity of the flow was estimated for 2 min. ͑from 16:21:03 to 16:23:03͒ by use of the algorithm in Fig. 4 .
The average correlation lengths L of every 45-frame block of the video images were estimated by use of Eq. ͑6͒ directly with a correlation rectangle of 120 ͑width͒ ϫ 50 ͑height͒ pixels. Figure 8 shows the estimated average correlation lengths. On the basis of the velocity estimation results of the debris flow by normal computer-based spatial-filtering method we chose the filter width A approximately equal to 450 pixels. 1 By using the same simulation process for determining the filter parameters from the above average correlation lengths, we applied the adaptive spatial-filtering method to estimate the surface velocity of the debris flow. Figure 9 presents the estimated surface velocity of the debris flow. Because of rapid temporal fluctuations in the surface characteristics, we used a smoothing technique-the moving average method 17 with a smoothing window length of 5 that is equivalent to a length of 5 ϫ 45 frames. Figure 10 shows a comparison of the estimated surface velocity after smoothing, as obtained with the adaptive computer-based spatial-filtering method, by the normal computer-based spatial-filtering method for a filter size of 450 ϫ 128 pixels and with N ϭ 5 and by the hardware-based spatial-filtering method for a filter size of 2 m ϫ 0.9 m that corresponds to 230 ϫ 100 pixels on the surface and with N ϭ 5. The smoothing window lengths are 5 and 15 for the computer-based method and the hardware-based method, respectively, because the respective sampling rates are 1.5 and 0.5 s. After smoothing we can find the trend of the velocity variation. The initial velocity of the debris flow is low, and the following velocity becomes high rapidly. The three measurement techniques show the same trends.
We calculated the smoothing index ͑SI͒ 1 by using the following equation, which results from smoothing:
where N s is the total data number and V s is the velocity that is due to smoothing. The SI of the adaptive computer-based method is 0.42; those of the normal computer-based method and the hardwarebased method are 0.46 and 0.55, respectively. Among these three methods the adaptive method is the best choice, because it yields the lowest SI. Moreover, we verified the effectiveness of the adaptive method through a computer simulation in Section 3.
Conclusion
The measurement of the surface velocity of a debris flow by use of the adaptive computer-based spatialfiltering method and a comparative study with the normal computer-based method and the hardwarebased spatial-filtering method have been presented in this paper. Results from these three methods agree well with one another. But the adaptive method can be the most accurate because of its ability to adjust the filter parameters for tuning the spatial filter to the stochastic characteristics of the flow. The effectiveness of the adaptive method and also an optimum relationship between the correlation length of the surface pattern of the flow and the slit width of the spatial filter have been confirmed through a computer simulation. Because the determination of the optimum parameters of the spatial filter is a difficult problem for a natural random flow whose characteristics are temporally changing, the adaptive technique may therefore contribute to an effective solution in many applications including debris flow.
Appendix A. Artificial Random Image Generation Algorithm
The method for generating an artificial random image, considering that the spatiotemporal spectrum is separable in space and time, was demonstrated by Yoshida et al. 16 For clarity we briefly describe it below. First, consider a homogeneous stochastic field X͑x, y͒ with continuous space coordinates that can be represented by the following partial differential equation:
where W͑x, y͒ is the white noise with zero mean and unit variance, C 1 is a constant, and K a is the spatial correlation coefficient. The spectral density function ͑SDF͒ of X͑x, y͒ is given by
The correlation function is obtained by inverse Fourier transform of Eq. ͑A2͒:
where 2 is the variance of X͑x, y͒, r ϭ ͑x 2 ϩ y 2 ͒ 1͞2 , and K 1 ͑⅐͒ is the first-order modified Bessel function of the second kind.
Eq. ͑A1͒ can be written in discrete form as
The SDF of X͑m, n͒ is
We can transform any two-dimensional difference equation for a homogeneous random field into a set of one-dimensional difference equations by an orthogonal transformation with respect to one of the coordinates. So Eq. ͑A4͒ becomes
where 
If we set z ϭ exp͑i͒, then the denominator of S k ͑͒ is
where ␣ k ͑0 Ͻ ␣ k Ͻ 1͒ is the solution of the characteristic equation D͑z͒ ϭ 0 and is given by
Equation ͑A9͒ can be written with ␣ k as
From Eq. ͑A14͒, I k ͑m͒ satisfies the following autoregressive equation:
Now consider a stochastic field in continuous time coordinate
where K b is the temporal correlation coefficient. The SDF of X͑t͒ is given by
The correlation function can be written as
Equation ͑A16͒ can be written in discrete coordinates as
According to the previous procedure, we can write the SDF of X͑l ͒ as
where
